Background. The effects of weather variability on seasonal influenza among different age groups remain unclear. The comparative study aims to explore the differences in the associations between weather variability and seasonal influenza, and growth rates of seasonal influenza epidemics among different age groups in Queensland, Australia.
The influenza virus is transmitted through infected aerosol droplets and virus-contaminated hands. Seasonal influenza is a serious global public health problem and is associated with substantial morbidity and mortality worldwide [1] . Morbidity and mortality associated with seasonal influenza is most prevalent in high-risk groups, including very young children, elderly people, and persons with chronic illnesses; the estimated annual attack rate is 5%-10% in adults and 20%-30% in children globally [1] . Influenza epidemics typically exhibit strong seasonal patterns, with the majority of outbreaks tending to occur in wintertime [2, 3] . Seasonal influenza generally peaks from November to March in the Northern Hemisphere and from May to September in the Southern Hemisphere [4, 5] .
The effects of weather and social factors on the transmission of influenza have been widely reported and include factors such as temperature, humidity, school attendance, and socioeconomic conditions [6] [7] [8] [9] [10] . The burden of seasonal influenza is not, however, evenly distributed through age groups; the very young and elderly tend to suffer more severe disease [11] [12] [13] . Previous studies have typically focused on describing and comparing the age distributions of observed influenza incidence and mortality [11, 14, 15] . Few studies have explored the differences in the relationships between seasonal influenza and socioenvironmental factors among different age groups. In Australia, seasonal influenza is responsible for >18 000 hospitalizations annually, affecting 5%-20% of the population [16] . Moreover, age-related heterogeneity in seasonal influenza transmission [16] and large spatial variation in estimates of seasonal influenza reproduction number [3] have been observed in Australia. Most high-income countries implement influenza vaccination programs for elderly people, but the effectiveness of influenza vaccination in elderly people has not been comprehensively established [17, 18] . As such, the utility of vaccination programs targeting this population remains to be conclusively established. Most studies have assessed the efficacy and effectiveness of influenza vaccines in elderly people using cohort studies [17, 19, 20] . The National Immunisation Program (NIP) fully funds influenza vaccination to individuals aged ≥65 years in Australia [21] . Approximately 74.6% of individuals aged ≥65 years received the seasonal influenza vaccine in Australia [22] . Few studies have investigated the effectiveness of the NIP via comparing the differences in the spatiotemporal dynamics of seasonal influenza among different age groups after adjustment for socioenvironmental factors and other random factors. This study aimed to assess the impact of socioenvironmental factors on the number of seasonal influenza cases in 3 age groups (0-14, 15-64, and ≥65 years of age) in Queensland, Australia. Spatiotemporal models were used to detect the temporal growth rate of relative risks for influenza infection and to compare the differences in the spatiotemporal dynamics of the growth rate of seasonal influenza for elderly people aged ≥65 years with 2 other age groups.
METHODS

Study Site
Queensland is the second-largest state in Australia by area and third by population, with an estimated 4 722 450 inhabitants (2014) [23] . Climate conditions present significant spatial variability across the state. Far North Queensland has a equatorial climate, North Queensland has a tropical climate; the coast has a subtropical climate, and the Queensland southeast inland has a temperate climate [24] . Generally, the coastal regions have warm temperate conditions; the southeast inland areas have low minimum temperatures; the west inland areas exhibit dry and hot weather conditions; and the far north of Queensland has a monsoonal climate with a hot, humid summer [25] .
Data Collection
Monthly laboratory-confirmed influenza case numbers aggregated at the postal area level were collected from the Australian Government Department of Health for the period 1 January 2010 to 31 December 2012. Data on the Index of Relative SocioEconomic Advantage and Disadvantage (IRSAD) for each postal area were provided by the Australian Bureau of Statistics [26] . A continuous value of IRSAD is used to summarize the average socioeconomic condition of households at different locations, including income, skill occupation, education, and employment status. 2011 census data were used to calculate the population size for the studied age groups at postcode level [27] . The interpolation of point climate data on monthly minimum temperature (MIT; °C) and monthly vapor pressure (VAP; hPa) were available at a 0.01 × 0.01 grid resolution [28] . The mean values of MIT and VAP at postcode level between 1 January 2010 and 31 December 2012 were extracted using the ArcMap 10 software package [29] .
Data on monthly MIT and monthly VAP at postcode level were obtained from the National Computational Infrastructure between 1 January 2010 and 31 December 2012.
Data Analysis
The data were considered as spatiotemporal data across 424 locations and over 36 consecutive months during January 2010 to December 2012. A Bayesian spatiotemporal model was used to examine the relationship between the socioenvironmental factors and the monthly seasonal influenza incidence in the age groups 0-14, 15-64, and ≥65 years. To address the characteristics of the spatiotemporal data, models allowed for inclusion of random effects: temporal trend, spatial dependency, and spatiotemporal variability. In the 3 spatiotemporal models, let y ij be the observed monthly age-specific seasonal influenza cases at location i and month j, (i = 1,…, 424; j = 1,…, 36). We assumed that y ij was Poisson distributed with age-specific expectation E i :
Here, ρ ij represents the relative risk of the monthly age-specific seasonal influenza infections at location i and time j. E i is the age-specific expected number of seasonal influenza cases at location i and was calculated using the age-specific Queensland monthly seasonal influenza incidence rates for the 3 age groups during the study period. After adjustment for the random effects, the log relative risk ρ ij for the spatiotemporal model is thus extended as follows:
where β 0 is the intercept for the model and β 1 , β 2 , β 3 , β 4 , and β 5 are the coefficients for MIT, VAP, IRSAD, seasonality (S), and Queensland school calendar pattern (SCP), respectively. Because Australia is in the Southern Hemisphere and influenza exhibits a consistent southern seasonal pattern with influenza season and no influenza season [4] , S was thus assumed to be a categorical variable to take account of the seasonal variation, with S j = 1 denoting the month of influenza peak months during winter to early spring (June-September) and S j = 0 denoting the off-peak influenza months during late spring to Autumn (October-May). SCP also denoted a categorical with 2 categories; SCP j = 1 indicated a month of the school term and SCP j = 0 indicated that the month included school holidays. SCP term was also included in the models for adult and elderly groups. The term u i and ν i are structured heterogeneity and unstructured heterogeneity, respectively, where u i captures the spatial variation using a conditional autoregressive (CAR) model, which is constructed as a function of its first-order neighborhood. The term t j is a temporally correlated random effect which describes the temporal trend of the seasonal influenza over the study period; it was assumed to have a one-dimensional random walk prior using the CAR model with a neighborhood structure of its first-order neighborhood. Finally, φ ij captures the spatiotemporal variation. Full terms u i , ν i , t i , and φ ij were assumed to be normally distributed.
To examine if the random effects of u i , t i , and φ ij are appropriate for describing the spatiotemporal seasonal influenza data, we developed 5 models without and with different combinations of the terms. The "best" model was selected from the candidate models using the deviance information criterion (DIC) in the study [30] . Parameter estimates were based on 110 000 Markov chain Monte Carlo iterations with the first 30 000 iterations discarded as burn-in. Full analyses were performed using WinBUGS software version 1.4 [31] . Additionally, we used a linear regression model (ie, ρ ij = α i × (month) j ) to examine the temporal evolution of the seasonal influenza epidemics over the study period across the postal areas and assess the spatial distributions of the slope coefficients (α i ), so-called the linear growth rates of the relative risks, in the 3 age groups.
RESULTS
The average number of monthly laboratory-confirmed influenza cases in Queensland for the period 2010-2012 was 289.5 (range, 3-2658 cases), 470.3 (range, 32-3813 cases), and 84.3 (range, 5-956 cases) cases for the age groups 0-14, 15-64, and ≥65 years, respectively. The highest overall mean in monthly notification rate of laboratory confirmed seasonal influenza in Queensland (mean, 0.33 per 1000 population) was observed in the 0-14 age group, followed by 15-64 (mean, 0.16 per 1000 population) and ≥65 (mean, 0.15 per 1000 population). The average monthly MIT and VAP were 15°C (range, 7.2°C -21.1°C) and 17.3 hPa (range, 10.6-24.1 hPa) ( Table 1 ). An increase in monthly notification rates was observed from January 2010 to December 2012 in Queensland in all 3 age groups ( Figure 1 ). Average monthly notifications increased 85.43% in the 0-14 age group, 76.57% in the 15-64 age group, and 86.56% in the ≥65 age group from 2010 to 2012. Seasonal patterns were similar in the 3 age groups; the highest notification rates occurred in August and September and the lowest notification rates occured in January and February (Figure 1 ). Figure 2 demonstates that substantial difference in monthly notification rates occured between the 3 age groups across Queensland. Average monthly local notification rates across Queensland ranged from 0 to 89.0, 0 to 496.7, and 0 to 66.7 per 1000 people in the 0-14, 15-64, and ≥65 years age groups, respectively.
The DIC value was smallest for model 1 (see Supplementary  Table 1 ). Model 1 included the random effects of u i , v i , t i , and φ ij , and allowed for the socioenvironmental variables of MIT, VAP, S, SCP, and IRSAD. This indicates that the spatiotemporal model (model 1) was most appropriate for describing seasonal influenza data after adjustment for the spatial variation, the time trend, and the spatiotemporal variability. Table 2 summaries the estimated effects of the socioenvironmental variables on the seasonal influenza from model 1 in the 3 age groups. The average decreases in the monthly seasonal influenza notifications were 19.3% (95% credible interval [CI], 14.7%-23.4%), 16.3% (95% CI, 13.6%-19.0%), and 8.5% (95% CI, 1.5%-15.0%) for a 1°C increase in monthly MIT for the 0-14, 15-64, and ≥65 years age groups, respectively. The corresponding average increases in the monthly seasonal influenza incidences were 14.6% (95% CI, 9.0%-21.0%), 12.1% (95% CI, 8.8%-16.1%), and 9.2% (95% CI, 1.4%-16.9%) for a 1-hPa increase in vapor pressure, and 0.4% (95% CI, 0.3%-0.6%), 0.3% (95% CI, 0.2%-0.4%), and 0.3% (95% CI, 0.1%-0.5%) for a 1-unit increase in IRSAD. The spatiotemporal model also indicated seasonality to be strongly associated with seasonal influenza epidemics. Average increases in the monthly seasonal influenza incidences during the influenza season (June to September) were 215.2% (95% CI, 77.0%-482.4%), 129.5% (95% CI, 51.2%-255.7%), and 120.1% (95% CI, 22.7%-286.9%) for the 0-14, 15-64, and ≥65 age groups, respectively.
All slope coefficients of the linear regression models for each location were significant and positive. Figure 3 shows the spatial distributions of the linear growth rates (α i ) for the 3 age groups across Queensland postal areas. The linear growth rates had large variability in the 0-14 (range, 0.00012-0.12) and 15-64 (range, 0.0004-0.2) age groups than were observed for the ≥65 age group (range, 0.0003-0.08). Furthermore, 83.5% and 90.6% of Queensland postal areas for the 0-14 age group and the 15-64 age group, respectively, had greater linear growth rates than the ≥65 age group. Figure 4 showed the distributions of the linear growth rates under the quantile of the values of IRSAD (25%, 50%, and 75%). Extreme outliers were identified with asterisks. The boxplots displayed increase in median of the linear growth rates from first quantile (25%) to third quantile (75%) in the 0-14 age group and 15-64 age group, whereas the linear growth rates were small and more constant in the ≥65 age group. The 15-64 age group also showed more variation in the linear growth rates.
Maps of the structured heterogeneity (exp(u i )) demonstrated strong spatial variations in the relative risks of seasonal influenza infection for the 3 age groups ( Figure 5 ). The 3 age groups presented similar patterns of spatial variations in the relative risks, where high spatial variations were mainly observed in the north and southeast Queensland ( Figure 5 ). However, the 15-64 age group had the largest range of the exp(u i ) across the study postal areas (0.12-25.20), followed by the 0-14 age group (0. 13-8.24 ) and the ≥65 years age group (0.15-6.24). 
Table 2. Estimated Effects of the Variables on Seasonal Influenza From the Spatiotemporal Model in the 3 Age Groups in Queensland
DISCUSSION
Our findings suggested that although the weather factors, specifically MIT and VAP, are significantly associated with seasonal influenza, the magnitude of estimated effects of these factors on the seasonal influenza differs by age group. Queensland has a varied climate including tropical, subtropical, and temperate zones [24] . Previous studies have demonstrated seasonal influenza peaks to occur during cold-dry conditions in temperate regions and humid-rainy conditions in tropical and subtropical regions [5, 8, 32] . The relationship between climate and seasonal influenza has been widely documented [5, [33] [34] [35] [36] [37] . Low temperature tends to increase viral shedding and inhibits the efficiency of mucociliary clearance, enhancing viral transmission [9, 38] . Low outdoor temperature may facilitate the spread of seasonal influenza virus by promoting indoor crowding [5] . The positive relationship between VAP and seasonal influenza was observed in all 3 age groups in this study. VAP is the water vapor content of air and is highly positively associated with relative humidity and precipitation. Some previous studies report a U-shaped relationship between influenza virus survival and relative humidity [39] [40] [41] . Droplet nuclei from patients' coughing or sneezing swell in humid air, and the hygroscopic particles will be deposited in the lower respiratory tract, increasing efficiency of transmission [42] . It is also plausible that rainy weather increases the efficiency of transmission by leading to people spend more time indoors, leading to indoor crowding [33] . We suggest that the seasonal influenza epidemics in Queensland might be associated with environmental conditions characterized by cold and humid air. Considerable differences were observed between the estimated effects of MIT and VAP for the 3 age groups. Interestingly, the 0-14 age group appeared to be more sensitive to changes in MIT and VAP than the ≥65 age group. It is possible that low temperatures or rainy weather may largely limit outdoor activity for elderly people. Furthermore, high uptake of vaccination by elderly people under the NIP may increase their anti-influenza antibody titers [43] , which could increase in protection against influenza virus infection [18] . We suggest that the above reasons might account for the reduced impact of MIT and VAP on influenza transmission for the ≥65 age group in comparison with the other 2 age groups. Additionally, most children aged 0-14 years attend day care or school, which would result in regular indoor crowding under low temperature or rainy conditions [2] , increasing the risk of influenza transmission.
A positive relationship between seasonal influenza and the socioeconomic factor of IRSAD was also present in all 3 age groups. Generally, a high score of local IRSAD is related to a lower unemployment rate and greater access to economic and social resources. Therefore, it would be expected that people living in areas with high IRSAD have greater opportunity for community activities and exposure to infected individuals. The magnitude of the estimated effects of IRSAD for the 0-14 age group was higher than those for the other 2 age groups. Children of high-income families may have greater opportunity to participate in social activities, which may account for this difference.
Seasonality is a strong risk factor for seasonal influenza transmission; it is well known that influenza epidemics typically exhibit a seasonal fluctuation, with influenza incidence peaking in winter months [44] [45] [46] . In this study, the 0-14 age group was observed to be more sensitive to the effects of seasonality than the 15-64 and ≥65 age groups. In Australia, children are much more likely to contract influenza in any given season (20%-50% compared with 10%-30% in adults) [16] . We suggest that this is due to crowding of susceptible children during school attendance. The magnitude of the estimated effects of seasonality on influenza risk was the smallest for the ≥65 age group. It is possible that this is a result of high vaccine uptake by this age group under the NIP. Linear growth rates of the estimated relative risk of seasonal influenza infection in the spatiotemporal analysis were not synchronous for the 3 age groups in different postal locations and under different values of IRSAD. Differences in growth rates present a number of interesting implications. First, the spatial patterns of the local growth rates are similar for the 0-14 and 15-64 age groups, indicating that locations with high growth rates for children may be also accompanied by high growth rates for adults. In the study, we found that 75.2% of adult individuals in the 15-64 age group are aged 20-54 years. It is reasonable to assume that the majority of parents of children aged 0-14 would be aged 20-54 years. The similarity in spatial patterns may reflect a spatial distribution of household transmission [47, 48] . Second, large growth rates were found throughout the values of IRSAD in the 15-64 age group. We suggest that preventive efforts for influenza transmission are vital in this age group. Finally, after taking account of spatial dependency, time trend, seasonality, SCP, and spatiotemporal variation for the 3 age groups in the analysis, the growth rates for the ≥65 age group are smaller and persistent over the postal locations or under the different values of IRSAD; this suggests that influenza vaccination under the NIP is effective in reducing infection with seasonal influenza in elderly people in Queensland. This finding is consistent with other studies that provide evidence of significant reductions in the incidence and mortality of influenza after receiving influenza vaccination for elderly people [20, 49, 50] . Our study supports the need for annual influenza vaccination of elderly people.
Our results demonstrate substantial spatial variations to exist in influenza notifications in the 3 age groups throughout Queensland, allowing for the socioenvironmental factors and the random effects in the models. Despite similar spatial patterns of structured heterogeneity (exp(u i )) for the 3 age groups, the largest spatial variation in the estimates of the relative risk was observed in the 15-64 age group, reflecting that there is high uncertainty in this group. The derived maps of the structured heterogeneity highlight the need to further investigate the locations with high spatial variations.
Our geographical age group-based study provides a comprehensive understanding of the spatiotemporal dynamics of seasonal influenza epidemics and the underlying socioenvironmental drivers in different age groups. There were, however, some limitations to this study that need to be acknowledged. First, notification data only included a proportion of the total cases of influenza occurring in the community-that is, only those cases for which healthcare was sought, a test conducted, and a diagnosis made, followed by a notification to health authorities. Second, influenza A and B were not individually analyzed in this study, and the study period was short. Third, associations between seasonal influenza and MIT and VAP might be nonlinear. We suggest that a further study should investigate potential nonlinear relationships. Fourth, interactions between the 3 age groups could exist. However, we assumed that the interactions for each location might present spatial patterns due to the geographical neighborhood. Although this study developed 3 spatiotemporal models without interaction terms for the 3 age groups, the random effect u i could capture the effects of unobserved factors with spatial pattern to adjust for the estimated local relative risks.
CONCLUSIONS
Among the 3 age groups, the socioenvironmental factors of IRSAD, MIT, and VAP were identified to play significant roles in the transmission of seasonal influenza; seasonality plays a key role in the increase in influenza incidence. Results of this study indicate that changes in climate conditions are likely to influence seasonal influenza transmission in children aged 0-14 years. The linear growth rates of the relative risks largely varied across Queensland under the different values of IRSAD in the 0-14 and 15-64 age groups. The patterns of the growth rates were small and more stable after the implementation of the NIP for elderly people aged ≥65 years. This study also identified the hotspot distribution of the growth rates across the study sites and in the different value of IRSAD among the 3 age groups. Maps of spatial variation highlight the potential for future interventions in Queensland. It may help to develop more sensitive strategies and to determine the intensity of prevention and control of seasonal influenza in different locations and different age groups.
